[1] Fire affects ecosystems by altering both their structure and the cycling of carbon and nutrients. The emissions from fires represent an important biogeochemical pathway by which the biosphere affects climate. For climate change studies it is important to model fire as a mechanistic climate-dependent process in dynamic global vegetation models (DGVMs) and the terrestrial ecosystem components of climate models. We expand on those current approaches which neglect disturbance by fire, which use constant specified loss rates, or which depend on simple empirical relationships, and develop a process-based fire parameterization for use in the terrestrial ecosystem components of climate and Earth system models. The approach is straightforward and general enough to apply globally and for current and future climates. All three aspects of the fire triangle, fuel availability, the readiness of fuel to burn depending on conditions, and the presence of an ignition source, are taken into account. The approach also represents some anthropogenic effects on natural fire regimes, albeit in a simple manner. The fire parameterization is incorporated in the Canadian Terrestrial Ecosystem Model (CTEM) which simulates net primary productivity, leaf area index, and vegetation biomass. The fire parameterization generates burned area, alters vegetation biomass, and generates CO 2 emissions. The parameterization is tested by comparing simulated fire return intervals and CO 2 emissions with observation-based estimates for tropical savanna, tropical humid forests, mediterranean, and boreal forest locations. 
Introduction
[2] Terrestrial vegetation affects the climate through biophysical and biogeochemical pathways that operate over a range of spatial and temporal scales. The exchange of energy and water between the land and the atmosphere on timescales of minutes to months affects and is affected by climate. The climatic implications of this biophysical pathway have been studied by various authors [Charney, 1975; Lean and Rowntree, 1993; Xue, 1997; Douville et al., 2000; Heck et al., 2001] . Our understanding of biophysical interactions between land and atmosphere is incorporated in complex soil-vegetation-atmosphere-transfer (SVAT) parameterizations that now form an integral part of climate models. However, the biogeochemical pathway by which the terrestrial biosphere affects the climate is less well known and modeled. Biogeochemical processes of interest include the land-atmosphere exchange of CO 2 , of other radiatively active trace gases, and of aerosols and their precursors, all of which alter the radiative balance and affect the global climate on timescales from decades to centuries.
[3] Natural and anthropogenic biomass burning affects atmospheric chemistry and climate by injecting large amounts of aerosols and greenhouse gases into the troposphere [Crutzen et al., 1985; Andreae et al., 1988; Ward et al., 1992; Allen and Miguel, 1995; Andreae and Merlet, 2001; Penner et al., 2003] . Trace gases produced during biomass burning include CO 2 , CO, CH 4 and non-methane hydrocarbons, NO, N 2 O, NH 3 , and methyl chloride (CH 3 Cl). CO 2 , CH 4 , and N 2 O are greenhouse gases that contribute to climate warming. In the troposphere, CH 4 , CO, and NO regulate the photochemical production of ozone which is a pollutant and irritant as well as a greenhouse gas [Levine, 2003] . Globally, the aerosols produced by fire provide around 30% of cloud condensation nuclei (CCN) and lead to a narrower cloud droplet size spectrum diminishing the precipitation efficiency of clouds [Day, 2004; Andreae et al., 2004] .
[4] Fires affect the structure of ecosystems [Cochrane and Schulze, 1999; Nepstad et al., 2002] and the cycling of carbon and nutrients [Hughes et al., 2000; Fearnside et al., 2001] . Globally, fires consume about 5% of net terrestrial primary production and emit 2 -3 Pg C/yr [Randerson et al., 2002] equivalent to one half to two thirds of current fossil fuel emissions. Climate warming due to an increasing concentration of greenhouse gases is expected to increase the occurrence of natural fires and the associated emissions, thereby providing a positive feedback [Price and Rind, 1994b; Stocks et al., 2002; Hoffmann et al., 2002] .
[5] The effect of fire on climate and atmospheric chemistry is clearly important. Nevertheless, at present, fire is not modeled as an interactive component of climate/Earth system models of full [Cox et al., 2000] or intermediate complexity [Friedlingstein et al., 2001 ] which model terrestrial ecosystem processes primarily for simulating CO 2 exchanges. This is also the case for most dynamic global vegetation models (DGVMs). Disturbance, primarily fire, is an important aspect of modeling vegetation as a dynamic component and, at the landscape scale at least, disturbance is known to affect net primary and ecosystem productivity and the temporal variation of vegetation more than the interannual variability of climate [Campbell et al., 2004; Pregitzer and Euskirchen, 2004; Chambers et al., 2004] .
[6] We develop and test a fire module as part of the Canadian Terrestrial Ecosystem Model (CTEM) included in the Canadian Centre for Climate Modeling and Analysis (CCCma) coupled general circulation model (CGCM). CTEM is a dynamic vegetation model that is able to grow vegetation from bare ground and which incorporates the processes of photosynthesis, autotrophic and heterotrophic respiration, allocation, phenology, turnover, mortality, competition between plant functional types (PFTs) and land-use change. Our objective is to design a large-scale fire parameterization that is suitable for use in the terrestrial ecosystem component of climate and earth system models. The parameterization captures primary fire characteristics, namely, the area burned and the emissions, includes a representation of anthropogenic influences on ignition, and responds appropriately to changes in climate conditions. Section 2 briefly summarizes the approaches that are used to model fire in current DGVMs. The process-based fire parameterization for inclusion in CTEM which produces area burned, changes in above-and below-ground biomass and CO 2 emissions is developed in section 3. The climate, soil, and lightning data used to drive the coupled fire parameterization and CTEM are discussed in section 4, and its performance is tested against observationbased data in section 5. Discussion and summary are found in sections 6 and 7, respectively.
Current Approaches
[7] While fire is recognized as an important ecosystem process [Hughes et al., 2000; Fearnside et al., 2001; Breshears and Allen, 2002; Schoennagel et al., 2004] most DGVMs either do not model fire or use very simple approaches. The TRIFFID [Cox, 2001] and the SLAVE [Friedlingstein et al., 2001 ] ecosystem models, for instance, do not include fire. The Ecosystem Demography (ED) [Moorcroft et al., 2001] and the BIOME-BGC [Thornton, 1998 ] models prescribe a constant loss rate attributed to fire. Fire emissions from the Carnegie-Ames-Stanford-Approach (CASA) model [van der Werf et al., 2003 [van der Werf et al., , 2004 are based on satellite-derived burned area estimates and the CASA model itself does not represent fire. The Integrated Biosphere Simulator (IBIS) [Kucharik et al., 2000 ] models fire as a simple function of litter amount and its dryness (model code version 2.5, released November 2000, http://www. sage.wisc.edu/download/IBIS/ibis.html). Burned area estimates and emissions from the IBIS model have not been compared with observation-based estimates. The Sheffield DGVM assumes fire occurs when litter moisture content reaches a critical dryness [Beerling and Woodward, 2001 ].
[8] The Lund-Potsdam-Jena (LPJ) DGVM attempts to model fire in a mechanistic way. Thonicke et al. [2001] estimate the probability of fire occurrence as a function of topsoil layer moisture content. The sum of daily fire occurrence probabilities over the year (referred to as the length of the fire season) is empirically related to the fractional area burned in a grid cell. The area burned is calculated at the end of the year, however, rather than as a function of current conditions. In the ORCHIDEE DGVM, that uses the Thonicke et al. [2001] fire module, Krinner et al. [2005] attempt to overcome this limitation by calculating fire occurrence each month. The implementation is based on correction factors such that the sum of monthly burned areas is equal to the annual burned area that would have been obtained with the original formulation. Venevsky et al. [2002] use the empirical Russian Nesterov Index, based on daily temperature at 3 pm, dew point temperature and precipitation, to obtain a fire danger index (FDI) that is used to estimate the number of fires in a region. The area burnt of a fire is taken to be elliptical in shape with a fixed ratio of minor to major axis (0.5). Drier soil moisture conditions lead to higher fire spread rate. Thonicke et al. [2001] and Venevsky et al. [2002] compare model fire return intervals with observation-based estimates but do not validate simulated fire emissions.
[9] Although process-based fire parameterizations are not yet a feature of most DGVMs nor of the terrestrial ecosystem components of climate models, a number of approaches have been used at smaller regional and local scales. Simple statistical representations model fire return intervals using the Weibull probability distribution [Keane and Long, 1998; Reed and McKelvey, 2002] . Price and Rind [1994b] estimate area burned for the continental United States using empirical relationships between area burned, the number of lightning days, and the difference between precipitation and potential evaporation. For comparison with satellite data, Cardoso et al. [2003] estimate the numbers of pixels burned in the Amazonia region using empirical functions based on annual precipitation, minimum monthly precipitation, the distance from paved roads, forest cover, and deforestation rate. The Sim-CYCLE model simulates fire using a cellular automata approach in which a larger grid cell is divided into smaller 100 m Â 100 m cells, fire ignition is initiated on the basis of climatic conditions and fire propagates to adjacent cells based on probabilities that depend on current conditions [Ito, 2005] . More complex physically based models simulate the dynamics of fire at scales of a few kilometers [Finney, 1998 ] based on fuel availability over a range of fuel classes (e.g., 1-, 10-, 100-, and 1000-hour fuels) and may simulate surface and crown fires explicitly [Lenihan et al., 1998 ].
[10] In the context of climate change, prescribed loss rates and fixed statistical distributions for fire return intervals defeat the purpose of modeling fire as a climate-dependent process. The use of complex models that simulate the dynamics of fire at the scale of few kilometers, or of cellular automata approaches that divide a large grid cell into numerous small grid cells to capture fine-scale random fire behavior is not feasible for the large scales represented in climate models. Empirical relationships developed for local and regional studies are neither applicable at large scales nor do they cover the full range of global ecosystems. We therefore seek a process-based representation of the disturbance caused by fire that is straightforward, general, and robust enough to be applied globally and for present and future climatic conditions.
Representing Fire in CTEM

CTEM Overview
[11] CTEM simulates three live vegetation pools (leaves, stem, and root) and two dead carbon pools (litter and soil organic carbon) as shown in Figure 1 . CTEM is coupled to the Canadian Land Surface Scheme (CLASS 2.7) [Verseghy, 1991; Verseghy et al., 1993] as shown in Figure 2 , and the two components together produce fluxes of energy, water, and CO 2 at the land-atmosphere boundary. The values of soil moisture, canopy temperature, and aerodynamic resistance provided by CLASS are used by the photosynthesis sub-module of CTEM which returns canopy conductance and CO 2 uptake. Fast biophysical land surface processes that affect the energy and water balance, including photosynthesis and evapotranspiration, are modeled on short timescales. The photosynthesis sub-module is based on the biochemical model of Farquhar et al. [1980] and Collatz et al. [1991 Collatz et al. [ , 1992 and operates at the same 30-min time step as CLASS. The current version uses a single-leaf photosynthesis approach with coupling between photosynthesis and canopy conductance based on vapor pressure deficit [Leuning, 1995] . Soil moisture and canopy and soil temperatures (for the three soil layers with thicknesses 0.1, 0.25, and 3.75 m) from the land surface scheme enter the calculation of maintenance respiration for the three vegetation components and heterotrophic respiration from the litter and soil carbon pools. The photosynthesis, autotrophic and heterotrophic respiration sub-modules of CTEM, as described by Arora [2003] , are used to calculate net primary and net ecosystem productivities.
[12] Positive net primary productivity (NPP) is allocated to leaves, stem, and root based on light, root water, and leaf phenological status. The phenology sub-module of CTEM uses a carbon-gain approach in which leaf onset is initiated when it is beneficial for the plant, in carbon terms, to produce new leaves. Leaf offset is initiated by unfavorable environmental conditions that incur carbon losses. These include shorter day length, cooler temperatures, and dry soil moisture conditions. Leaf litter is generated by the normal turnover of leaves and by cold and drought stress. Stem and root litter is generated based on PFT-dependent turnover times. The allocation, phenology, and turnover sub-modules of CTEM are described by Arora and Boer [2005a] . Other than photosynthesis, all biogeochemical sub-modules of CTEM operate at a daily time step (Figure 2 ).
[13] Allocation to, and the litter and respiratory losses from, the three vegetation components (leaves, stem, and root) result in time-varying biomasses that are reflected in the structural vegetation attributes used in the energy and water balance calculations of the land surface scheme [Arora and Boer, 2005a] . Leaf area index (LAI) is a function of leaf biomass via specific leaf area (SLA, m 2 kg C
À1
). The vegetation height is a function of aboveground biomass and affects the roughness length and thereby the turbulent transfer of heat and moisture. Finally, the time-varying root biomass determines an evolving root distribution profile [Arora and Boer, 2003 ] that affects evapotranspiration rates. CTEM has been validated against observations of LAI, stem and root biomasses and leaf onset and offset times for temperate and boreal deciduous, tropical evergreen and tropical deciduous plant functional types by Arora and Boer [2005a] .
3.2. Fire 3.2.1. Fire Occurrence Probability
[14] A process-based fire parameterization must include all three factors of the fire triangle, namely, the availability of fuel, the combustibility of the fuel, and the presence of a source of ignition [Schoennagel et al., 2004] , all of which depend on and vary with climate. In CTEM, the probability of fire occurrence (P f ), for a representative area of 1000 km 2 (discussed later) is taken as
and depends on three independent constraints: the biomass available for burning, the flammability of the biomass as indicated by root zone soil moisture, and the availability of an ignition source. P b is the probability of fire conditioned on the available biomass which is represented as
and displayed in Figure 3a , where B ag is the aboveground biomass (KgC/m 2 ) of combined leaf, stem, and litter pools averaged over all PFTs for the vegetated fraction of the grid cell, B low (0.20 Kg C/m 2 ) is the lower biomass threshold below which P b = 0, and fire does not occur, and B up (1.0 Kg C/m 2 ) is the upper biomass threshold above which P b = 1 so fire can occur provided that other conditions are favorable. Thus, even if conditions are dry and there is an ignition source, fire is deemed not to occur unless there is minimum amount of fuel. Fire becomes more likely to occur as the amount of fuel increases until there is no longer a fuel constraint. Root biomass is not considered since the absence of above-ground biomass makes it is unlikely that belowground root biomass will catch fire. The lower threshold of 0.20 Kg C/m 2 is similar to that used by Moorcroft et al. [2001] and Kucharik et al. [2000] . The dependence of P b on B ag < B up in equation (2) is meant to reflect the discontinuous availability of fuel when only a small amount of biomass is present, since fuel fragmentation adversely affects fire spread rate and thus the area burned [Guyette et al., 2002] . In this approach, fuel fragmentation effects fire occurrence probability but not fire spread rate (discussed later). Figure 3 . Dependence of fire probability on (a) aboveground biomass (P b ), (b) root zone soil moisture status (P m ), and (c) lightning frequency plus human activity (P i ).
[15] P m represents a moisture constraint expressed in terms of root zone soil moisture status as a surrogate for vegetation moisture content which is not carried explicitly in CLASS. The availability of water in soil layer i is measured by a linear scalar index
that varies between 0 to 1. Here q is the volumetric soil moisture content and q wilt and q field represent wilting point and field capacity soil moisture contents. b root,i is weighted by the time-varying fraction of roots present in each soil layer [Arora and Boer, 2003 ] from all PFTs averaged over the vegetated fraction of the grid cell in order to obtain the root zone averaged soil water availability index, b root . The dependence of fire probability on b root is represented as
where b e is an extinction wetness content, taken to be 0.35, above which the probability of fire occurrence is negligible as indicated in Figure 3b . The value of b e used here is similar to 0.3 used by Thonicke et al. [2001] .
[16] Fire requires an ignition source that may be natural (due to lightning) or anthropogenic. The ignition constraint P i is represented by a ''lightning scalar''
analogous to equation ( 
where P h is the probability of fire ignition due to humans causes, I varies between 0 and 1.0 as a function of L f as displayed in Figure 3c , and equation (6) implies that in absence of lightning (i.e., when b L = 0, I = 0) P i equals P h . The probability of fire ignition due to human causes (P h ) may be selected depending on location and human activity and determines the lower limit of P i .
Area Burned
[17] The area burned is taken to be elliptical in shape as shown in Figure 4a with the point of ignition at one of the foci. The fire spreads preferentially in the direction of the wind along the major axis. The fire spread rates are
where the downwind spread rate u p is a function of soil moisture and wind speed and the ''back spread'' rate against the wind u b is a fraction of this. The fire grows in width at a rate 2v that is related to u by the length-to-breadth (L B ) ratio of the ellipse. For constant u and v,
Figure 4. (a) Conceptual elliptical fire shape that is used to estimate area burned, and (b) the length-tobreadth (L B ) ratio of the ellipse as a function of wind speed. Also shown in Figure 4b are the curves used by Canadian Forestry Service (CFS) for Canadian forest fire weather index system that define the L B ratio separately for grasses and trees.
where t is the time, and the area of the ellipse grows as
The fire spread rate in the downwind direction u p (m/s) is represented as
where u max is a maximum fire spread rate of 0.13 m/s ($0.45 km/h), and g(W s ) and h(b root ) are functions which vary between 0 and 1 and which incorporate the dependence of u p on wind speed (W s ) and root zone soil wetness (b root ). Albini and Stocks [1986] report fire spread rates of 0.13 -0.45 m/s with ambient winds ranging from 10 to 16 km/h for Canadian boreal forests. Riggan et al. [2004] report spread rates varying from 0.02 m/s to 0.7 m/s for grassland fires in Brazilian Cerrado. A maximum fire spread rate of 0.13 m/s for the large scales considered here is somewhat on the lower side of observed smaller scale spread rates and represents an average value for those large scales. The dependence of fire spread rate on root zone soil wetness is
where b e is the extinction wetness content that ensures that fire spread rate is zero when root zone soil wetness is above this threshold. The dependence on wind speed is
where g 0 is value of g(W s ) at W s = 0.0 km/h (assumed equal to 0.1) which governs fire growth rate in calm conditions. Equations (11) and (12) incorporate the knowledge that fires spread more rapidly when the fuel is dry and the wind speed is high. Vigilante et al. [2004] , for instance, find that in the North Kimberley region of northwest Australia the fire spread rate increases by about 25% as wind speed increases from 15 to 20 km/h. This is broadly consistent with an increase of 31% obtained via equation (12).
[18] The elliptical shape of the fire is defined using its length-to-breadth ratio L B = l/w which is a function of wind speed. Higher wind speeds yield more elongated fires. A formulation similar to that used by the Canadian Forestry Service (CFS) [van Wagner and Pickett, 1985 ] is adopted. The CFS makes a distinction between the L B ratio for grasses which is higher than that for trees for a given wind speed, but this distinction is not made in CTEM which is a large scale model. The L B ratio used is
and Figure 4b compares this with the L B ratios for trees and grasses used by the CFS.
[19] Given the fire spread rate u p in the primary direction, the L B ratio provides the spread rate in the secondary direction (v). To estimate area burned, however, the back spread rate u b is also required (Figure 4a ). In the formulation adopted by CFS models, u b is a function of wind speed and local slope. For applications at large scales we make the simplifying assumption that u b = 0.2u p and that area burned may be reasonably approximated using initial values of u p and L B when the fire starts. The area burned from equations (8)-(9) may then be estimated in terms of L B and u p as
Extinguishing Fire
[20] The duration of a fire depends on an ''extinguishing probability'' q that represents the effectiveness of a combination of factors in restricting fire spread. These include natural barriers to fire such as rivers, lakes, roads, stony areas, etc., and human fire-fighting efforts. If a fire is ignited on day 0, the probability it will be extinguished on the same day is q and the probability that it will continue to day 1 is (1 À q). Assuming individual days are independent, the probability that the fire will still be burning on day t is (1 À q) t . The probability that a fire will last exactly t days is the product of the probability that the fire still exists at day t and the probability it will be extinguished on that day hence p(t) = q(1 À q)
t . This yields an exponential distribution of fire duration which is the assumption made by Venevsky et Figure 5 . (a) Average fire duration t and (b) Q the average area burned as a multiple of area burned in 1 day as functions of fire extinguishing probability, q.
al. [2002] for the LPJ model although they do not use fire extinguishing probability explicitly. Our approach is to estimate average fire duration and area burned rather than to attempt to track area burned by individual fires or their number. The average number of days a fire burns is thus
Following equation (14) the average area burned in a fire is estimated from
where a * is the area burned in one day. Figures 5a and 5b show how t and Q vary as functions of fire extinguishing probability q. As expected, lower values of q give longer average fire durations and larger areas burned. The average fire duration of 1 day used by Venevsky et al. [2002] for the LPJ model corresponds to a q of 0.5. In the absence of any other information, we adopt this as a default value although q may be increased to account for fire fighting efforts. For q = 0.5, Q = 3 so that while an average fire lasts 1 day, the average area burned is 3 times the area burned in a day. Since area burned varies as the square of the fire duration, fires which last longer, although less likely, contribute disproportionately to the area burned.
[21] The average area burned a for a representative area of 1000 km 2 is extrapolated to the entire climate model grid cell of area A g km 2 using
where P f is the probability of fire occurrence. Thus, within the large grid square, there are A g /1000 sub-areas each of which if ignited would, on average, produce a burned area of a. However, on average only a fraction P f of sub-areas experience fire with suitable conditions of biomass, moisture, and ignition. The area burned is distributed among the seven non-crop PFTs carried in CTEM and listed in Table 1 in proportion to their fractional coverage f a as
where f a is the PFT fractional coverage, f c is the crop fraction, and f b is the bare fraction such that
A a is the total area of non-crop PFTs.
Emissions
[22] We concentrate on CO 2 emissions in this version of CTEM. Emissions of other trace gases and aerosols will subsequently be incorporated using species-specific emission factors that express emissions of non-CO 2 gases and aerosols as a fraction of CO 2 emissions or total biomass burned [e.g., Andreae and Merlet, 2001] . When fire consumes a PFT, the burned biomass of the leaf, stem, root, and litter pools emits CO 2 . Fire also causes plant mortality which transfers carbon from the leaf, stem, and root components to the litter pool. This direct fire mortality does not include post-fire mortality that may subsequently occur due to plant organs damage during the fire and which may result, for example, in some trees dying with a year or two after the fire. Post-fire mortality is not explicitly modeled here. The CO 2 emission e a from PFT a due to fire is obtained from the vector of carbon densities (amount per unit area) C a = (C L , C S , C R , C D ) a for leaf, stem, root, and litter for that PFT multiplied by its vector of combustion Table 1 , and by the area burned A a for that PFT. Thus the dot product of C a and F a ,
gives the amount of carbon released and
is the emission per unit grid cell area which depends on the PFT fractional coverage, the average size of the fire and the probability of fire occurrence. The total emission 
E a is summed over all non-crop PFTs. Since vector F a is prescribed the effect of vegetation moisture content on fraction of biomass burned is not taken into account.
[23] Fire-related mortality M a is modeled in a similar way using Ψ a = (ψ L , ψ S , ψ R , 0) a , the mortality factor vector (Table 1) , where
Values of F and Ψ in Table 1 are similar to those used in other models. The fractions of leaves burned (0.70À0.80) and transferred to litter via mortality (0.10À0.20) are similar to values used by Hicke et al. [2003] where 90% of the leaves are burned and the remaining 10% are transferred to the litter pool. In Table 1 , f L is less than 90% since not all fires are crown fires and so do not result in large foliage loss. The stem wood combustion factor of 0.20 and mortality factor of 0.60 may be compared with values of 25% and 75% from Hicke et al. [2003] , the treatment by Steininger [2004] , who uses a lumped combustion efficiency of 27% for the whole forest, that of van der Werf et al.
[2003] with combustion factor of 20%, and that of Schuur et al. [2003] where the stem wood combustion factor doesn't exceed 25%. The stem wood combustion factor for tropical drought deciduous trees at 0.10 is smaller than that for other PFTs since these trees are characterized by bark that is 3 times thicker than other trees [Hoffmann et al., 2003 ] which makes them well-adapted for fire-prone savanna regions. The fraction of litter consumed by fire varies between 0.50 and 0.60 for woody PFTs and a value of 0.90 is used for herbaceous PFTs. Czimczik et al. [2003] report that fires generally consume 40-60% of the surface litter in Canadian boreal forests. For the CASA model, van der Werf et al. [2003] assume that 95% of the fine litter and 40% of the coarse litter is consumed by fire. Hicke et al.
[2003], for the boreal forests, assume that 90% and 60% of the fine and coarse litter is consumed by fire.
Application and Testing
Test Sites
[24] The fire parameterization is tested at the six locations shown in Figure 6 characterized by different climate regimes, PFT distributions (biomes), and a range of fire return intervals. Two of these are typical savanna locations in Botswana and northern Australia that are characterized by a well-defined dry season and by relatively short (<5 years) fire return intervals. The location in the Brazilian Cerrado is also a savanna location where fire return intervals vary between 3 and 10 years depending on the length of the dry season. The location in Congo is chosen to test the ability of the formulation to simulate long fire return intervals (>500 years) at a relatively wet location characterized by high precipitation and dense evergreen forest. At all the tropical locations the fire regime is primarily controlled by soil moisture availability. The location in northern Canada is characterized by a fire return interval of 100-150 years. The fire regime here is primarily controlled by temperature although the summer fire season is also the season when most of the precipitation falls. Finally, the location in southern Spain is characterized by dry hot summers but less lightning compared to other locations, and is also the only location considered that is influenced by forest fire fighting efforts.
[25] We concentrate on these sites because observationbased estimates of fire-return intervals and qualitative information about fire regimes are available from local and regional studies. Simulated fire return intervals and emissions are compared with observation-based estimates. 
Climate, Soil, and Lightning Data
[26] The fire component of CTEM is tested by driving the coupled CLASS and CTEM models with global landsurface data (GOLD) obtained from Dirmeyer and Tan [2001] . The GOLD data comprises 6-hourly values of the required meteorological variables from 1979 to 1999 gridded at 3.75°resolution. The data are based on the National Center for Environmental Prediction (NCEP) reanalysis but have been corrected for several known biases. The CCCma climate model is run operationally at horizontal resolutions of 3.75°and 2.8°so the resolution of the GOLD data is suitable for assessing CTEM's fire parameterization where the atmosphere and soil data represent the average over comparatively large grid cells. Since CLASS operates at a time step of half an hour, the 6-hourly climate data are disaggregated. Temperature, longwave radiation, wind speed, specific humidity and pressure are linearly interpolated. Following Chen et al. [1999] the shortwave radiation flux changes with solar zenith angle with a maximum value at solar noon. Precipitation data are disaggregated following Arora [1997] where the 6-hourly precipitation amount is used to estimate the number of wet half hours, and the total precipitation amount is randomly distributed [Arora and Boer, 2005a] .
[27] Fire exhibits large interannual variability [Duncan et al., 2003; Kovacs et al., 2004] , and while the 21-year GOLD data are suitable for assessing CTEM's fire parameterization at locations characterized by short fire return intervals (Botswana, northern Australia and Brazilian Cerrado), they are not suitable for locations characterized by long fire return intervals (Congo, northern Canada, and southern Spain). The 21-year climate data, when used, for example, for the Congo location, may not contain a single sufficiently dry year to produce an appreciable burned area. On the other hand, if the 21-year climate data contain that sufficiently dry year, then the repeated use of the 21-year climate data will lead to larger than observed estimate of area burned. For the Congo, northern Canada, and southern Spain locations we therefore use 100-year climate data obtained from the control (present-day climate) run of the CCCma coupled climate model CGCM2 [Flato et al., 2000] .
[28] CLASS also requires the fraction of sand and clay for each of its three soil layers together with total soil depth, and these are derived from the standard data set used in the CCCma climate model based on work by Zobler [1986] and Wilson and Henderson-Sellers [1985] . CTEM simulates competition between PFTs on the basis of a modified form of Lotka-Volterra equations that permits coexistence [Arora and Boer, 2005b] (see also V. K. Arora and G. J. Boer, Simulating competition and coexistence between plant functional types in a dynamic vegetation model, submitted to Earth Interaction, 2005). For this study, however, observation-based fractional coverages of PFTs at the six locations are prescribed on the basis of Wilson and Henderson-Sellers [1985] vegetation cover data.
[29] Within a climate model, lightning frequency can be based on convective activity, cloud height and other physical parameters [e.g., Price and Rind, 1994a] . However, for the offline simulations presented here, monthly climatological lightning data, produced by the NASA LIS/OTD Science Team (Principal Investigator, Hugh J. Christian, NASA/Marshall Space Flight Center, http://ghrc.msfc.nasa. gov), are used. These data are of total lightning (including both inter-cloud and cloud-to-ground lightning) and, following Price and Rind [1994a] , cloud-to-ground lightning is taken to be 25% of total lightning. The original monthly lightning data at 2.5°resolution are averaged to the 3.75°resolution of the climate model and interpolated to daily values.
Results
[30] CTEM is initialized with zero biomass for all PFTs. At the Botswana, northern Australia, and Brazilian Cerrado locations the 21 years of GOLD data, and at the Congo, northern Canada, and southern Spain locations the 100-year climate data from CGCM2, are used repeatedly until the vegetation biomass and area burned comes into dynamic equilibrium. This spin-up requires 50 to 200 years depending on the vegetation type and the climate. At equilibrium the average area burned and emissions from the last 21 or 100 years (depending on the climate data used) are compared with observation-based estimates. Simulated fire return intervals are calculated by dividing grid cell area by annual average area burned.
[31] Figures 7 and 8 display the mean monthly temperature, precipitation, and lightning data that are used to drive the coupled CLASS and CTEM models for the six sites. Figures 9 and 10 show the observation-based and simulated CO 2 fire emissions, and Table 2 compares the observed and simulated fire return intervals and annual CO 2 emissions.
Northern Australia
[32] Although the mean annual precipitation (MAP) is relatively high (1345 mm/yr), the northern Australian region is characterized by a distinct 5-to 6-month austral winter dry season. The lightning frequency varies in tandem with precipitation and there is little lightning during the dry season. Figure 9a and Table 2 show that the simulated fire return interval is longer (i.e., a smaller area burned) and that emissions are lower than observations-based estimates when the probability of fire ignition due to human activity, P h , is set to zero. In this case, virtually all fires and emissions occur at the end of the dry/beginning of the wet season when the soil is dry but the probability of lightning has begun to increase rapidly. This behavior is consistent with the observations for northern Australia of Stocker and Mott [1981] , who report that fires ignited by lightning strikes are few in number, limited to a small proportion of total area, and restricted to a period between 1 and 2 months at the start of the wet season. However, the observation-based estimates of CO 2 emissions from van der Werf et al. [2004] show that fire emissions peak early in the dry season. Since there is little lightning during the dry season, these emissions are from fires set by humans for purposes associated principally with indigenous land management practices, the pastoral industry, and conservation management [RussellSmith et al., 1997] . Two additional simulations for this location illustrate how human factors may affect fire return interval and emissions. Figure 9a and Table 2 show that setting P h = 0.5 increases annual emissions and reduces the fire return interval to values that compare better with observation-based estimates. Setting P h = 0.5 implies that, provided all other conditions are favorable, the probability of fire is at least 0.5. Although the simulated annual emissions compare reasonably well with observation-based estimates the seasonality does not. Observation-based values show that most emissions occur early in the dry season, while the simulated emissions occur late in the dry season associated with lightning ignited fires. Russell-Smith et al.
[1997] discuss fire management practices in the Kakadu National Park in northern Australia and report that most fires in the park before the 1980s were caused by fires that occurred in the late dry season (LDS). Since then, however, changes in management practices have promoted early season fires in order to prevent large intense fires from occurring at the end of the dry season. The observationbased emissions of van der Werf et al. [2004] for 1997 -2002 show a peak in the early dry season (EDS) that is likely result of these management practices. An additional simulation with a simple prescription of ignition probability P i , as shown in Figure 9a , with the likelihood of fire in the EDS twice that in LDS, is able to capture this seasonality in the observation-based estimates.
[33] These simulations indicate that it is important to include anthropogenic factors in order obtain reasonable estimates of the area burned and the resulting emissions in some regions. It is not, however, straightforward to incorporate management practices into a modeling framework. Prescribed seasonality in P h or P i can be used for selected locations but a prescription of management practices for every climate model grid cell is difficult if not impossible. Moreover, management practices may change in the future as is discussed below for the Botswana location. Overall, although P h = 0.5 yields reasonable behavior its value seems high. Nevertheless, observation-based results from Russell-Smith et al. [1997] and Yates and Russell-Smith [2003] show that some savanna regions in northern Australia burn more than 50% during the May -November dry season with no lightning, implying at least a 50% probability of burning during the dry season due to human activities.
[34] Figure 9b shows the large interannual variability in area burned for the simulation with P h = 0.5. Recall that there is no interannual variability in the lightning data so the interannual variation shown in Figure 9b is caused entirely by the interannual variation in precipitation and temperature in the 21-year climate data. Interannually varying lightning data can be expected to lead to even more interannual variability in area burned.
Botswana
[35] The mean annual precipitation at the Botswana location is lower (644 mm/yr) than that at the northern Australian location (1345 mm/yr) although the dry season length ($6 months) is similar. Like the northern Australian location, little lightning occurs during the dry season. Figure 9c and Table 2 compare the simulated emission and fire return interval with observation-based estimates. As is the case for the northern Australian location, in the absence of human sources of ignition (P h = 0.0) most fires occur as the dry season ends when the soil is still dry but the lightning frequency increases as the wet season begins. Thereafter, the increase in moisture prevents fires even though lightning frequency is high. Modeled emissions are lower and the fire return interval is longer than observation-based estimates in this simulation (Table 2) . A human ignition effect with P h = 0.5 leads to better agreement with observation-based estimates both in terms of annual emissions and fire return interval. The observed estimates of fire return interval are based on work by van Wilgen et al. [2000, 2004] from the Kruger National Park in South Africa, a few hundred kilometers south of our location, in a similar climate regime. Although the annual emissions compare well with observation-based estimates in Figure 8 . Mean monthly temperature, precipitation, and lightning frequency data for (a, b) the Congo, (c, d) northern Canada, and (e, f) southern Spain locations. The mean annual precipitation (MAP) is also given.
the P h = 0.5 case, their seasonality does not (Figure 9c ). The observation-based emissions show a distinct peak during the middle of the dry season while the modeled values with constant P h increase gradually as fuel dryness increases during the dry season. Figure 9d shows the high interannual variability in simulated daily burned areas.
[36] A high value of the probability of ignition due to human actions (P h = 0.5) is justified here since humans significantly affect the fire regime in African savannas. The socio-economic reasons that force people to light fires in these regions may be relatively unique. actions of honey gatherers who light fires to smoke bees out of trees, and arsonists who hope to acquire land after its burned.
[37] As noted previously, the prescription of seasonallyvarying P h or P i , based on current management practices and/or human behavior, can be used to obtain better agreement with observation-based estimates but there are difficulties in such an approach. One difficulty is that management practices may change in the future. For instance, van Wilgen et al. [2004] discuss the effect of three different conservation management approaches in the Kruger National Park during the period 1957 -2002: regular prescribed burning, flexible prescribed burning, and lightning-dominated burning. They find it difficult to characterize lightning-dominated burning, however, since it is not possible to stop the spread of every human-set fire. They find that while the three different management approaches result in different seasonality, the annual average areas burned (with fire return intervals varying between $5.6-7.2 years) are nevertheless very similar. They conclude that precipitation has an overriding influence regardless of the management approach.
[38] The simulated annual emission and the fire return interval compare reasonably well with observation-based estimates for the simulation with P h = 0.5. The distinct peak in emissions, apparently caused by local fire practices, is not captured although the major component of simulated emissions does occur during the dry season consistent with observation-based estimates. On the basis of these considerations we choose P h = 0.5 for all tropical savanna locations for global application.
Brazilian Cerrado
[39] The Brazilian savanna, also referred to as the Cerrado, experiences a distinct dry season with fire return intervals that vary from 3 to 10 years depending on the length of the dry season [Ratter et al., 1973; Eiten and Goodland, 1979] . Recent analysis of satellite-based burned area suggests that return intervals in the Brazilian Cerrado are around 10 years [Riggan et al., 2000] . Figure 7f shows that the mean annual precipitation is relatively high (1560 mm/yr) and the dry season fairly short ($2 months) at this location. The seasonality of lightning frequency varies in tandem with that of precipitation. Figure 9e compares the observation-based and modeled emissions for simulations with P h = 0 and P h = 0.5, and Table 2 compares the fire return intervals. As with other savanna locations, annual emission and seasonality compare well with observation-based estimates for the simulation with P h = 0.5, although the simulated fire return interval of around 13 years is slightly larger than the observed estimate of 10 years. The strongly peaked maximum of emissions as the dry season ends is captured, although it lags the observation-based peak by about a month. For the case with P h = 0, the simulated fire return interval is long and annual emissions are low compared to observation-based estimates. As with other savanna locations, in the absence of human sources of ignition all emissions occur toward the end of the dry season associated with lightning.
Congo
[40] Natural fires occur only rarely in undisturbed tropical rain forests [Goldammer, 1990] . Even during extreme droughts, rain forests maintain high humidity which makes Fire Return Intervals, years Northern Australia 9.0 (P h = 0.0, q = 0.5) $3.0 [Yates and Russell-Smith, 2003] 5.5 (P h = 0.5, q = 0.5) 6.1 (with specified ignition probability, P i ) Congo 2400 (P h = 0.5, q = 0.5) >500 -1000 [Sanford et al., 1985; Meggers, 1994] Northern Canada 132 (P h = 0.0, q = 0.5) $100 -150 [Stocks et al., 2002] combustion difficult [Cochrane and Laurance, 2002] . The lightning frequency in the tropical humid forests of central Africa is among the highest on the planet but, since rainfall amounts are high, most fires never get started or are extinguished before burning any substantial area. The fire parameterization is tested at this extremely wet location to see if the long return interval is realistically simulated. As mentioned earlier, it is not suitable to use a repeating 21-year forcing, so 100 years of climate data from the control simulation of the CCCma climate model is used instead. Figure 8b shows that the annual precipitation simulated by the climate model at this location is large (2301 mm/yr) with only 1 dry month. This annual value compares to 2100 mm/yr in reanalysis-based GOLD [Dirmeyer and Tan, 2001 ] precipitation data for the same location. Note that lightning frequency at this location is high all year round (Figure 9b ) so that P i is 1.0 in all months and is not sensitive to human ignition sources. Figure 10a and Table 2 show that the simulated emissions at this location are 2 orders of magnitude smaller than those at tropical savanna locations in accordance with observationbased estimates. In Table 2 , the simulated fire return interval of 2400 years indicates that on average very little area is burned. Observation-based estimates suggest that major fires are rare in the Amazonian and central African tropical humid forests, occurring only once or twice per millennium on average [Sanford et al., 1985; Meggers, 1994] . Figure 10b shows the interannual variability in daily values of simulated burned area, but the area is very small in any case.
[41] Overall, the model successfully simulates a very long fire return interval at this location with small annual emissions and compares reasonably well with observationbased estimates, although there is some disagreement as to the timing of peak emissions. The observation-based record is not long enough to reliably fix seasonality when areas burned are so small.
Northern Canada
[42] Figures 8c and 8d show that maximum temperature, precipitation, and lightning frequency all occur during the summer months at the northern Canada location. The 100-year data from the climate model are again used since the observed fire return interval ($100 -150 years) at this location is longer than the 21-year reanalysis-based GOLD data. The annual precipitation simulated by the climate model (342 mm/yr) is slightly lower than the 390 mm/yr value in the GOLD data at this location. Unlike the tropical locations, the natural fire regime here is primarily determined by the annual cycle of temperature with all fires occurring during the summer months. Although precipitation plays an important role, the small precipitation amount is not sufficient to prevent fires during the summer months. The role of humans in igniting fires at such a remote location is expected to be small and a choice of P h = 0.0 is realistic. This is illustrated by comparing the results with the case for P h = 0.5.
[43] Figure 10c and Table 2 show that the model reasonably reproduces the small annual emissions at this location consistent with observation-based estimates for the simulation with P h = 0.0. As expected, a simulation with P h = 0.5 yields a lower fire return interval and higher emissions that compare less well with observation-based estimates. The simulated fire return interval of 132 years for the simulation with P h = 0.0 compares well with observation-based estimate of 100-150 years [Stocks et al., 2002] . Annual fire emissions here are small owing to the long fire return interval but also to low simulated biomass (not shown) found at such a northerly location.
Southern Spain
[44] Approximately 95% of the fire occurrences and burned areas in Europe are concentrated in Mediterranean forests [Päätalo, 1998 ]. The location in southern Spain is chosen because of the availability of consistent country and regional estimates of area burned since 1970s. Figures 8e  and 8f show that maximum temperature, minimum precipitation, and maximum lightning frequency, all of which are conducive to fire, occur during the summer months (JuneSeptember) at the southern Spain location. The 100-year data from the climate model are used since the observed fire return interval ($100-150 years) at this location is considerably longer than the 21-year reanalysis-based GOLD data. The annual precipitation simulated by the climate model (430 mm/yr) is slightly higher than the 388 mm/yr value in the GOLD data at this location. The lightning frequency at the southern Spain location is lowest among all locations discussed in this paper. The low lightning frequency in the Mediterranean region implies that lightning-ignited fires burn relatively less area compared to other locations. Table 2 shows that in absence of human-ignited fires (P h = 0.0) the simulated fire return interval of 153 years is slightly longer than the observation-based estimate of 135 years although the simulated annual CO 2 emission compares well with observation-based estimate. Fire return interval in southern plains of Spain is shorter than that in mountainous and relatively cooler northern Spain [Vázquez et al., 2002] and, is comparable with that in Greece ($100-150 years) that experiences similar climate [Hadjibiros, 2001] . Vázquez et al. [2002] suggest that more than 50% of area burned in Spain is caused by negligent and intentional human-ignited fires. Their data yield a fire return interval of $230 years for the whole of Spain. While the annual return interval and CO 2 emissions in Table 2 compare reasonably with observation-based estimates for the simulation with P h = 0.0, the seasonality of simulated emissions follows the seasonality of lightning and does not compare well with observations. Mediterranean European countries, like most other western countries, invest heavily in fire-fighting efforts [López, 2003] . Seasonality of simulated emissions compare well with observations-based estimates when fire extinguishing probability q is set to 0.7 (compared to a default value of 0.5) to account for fire-fighting efforts and for P h equal to 0.1. This simulation also leads to larger fraction of total area burned by human-ignited fires (not shown) consistent with observations of Vázquez et al. [2002] , and the fire return interval and annual CO 2 emissions are also reasonably simulated. This again indicates the importance of human sources of ignition in some areas.
Discussion
[45] The simulated values of fire return intervals compare reasonably well with observation-based estimates at the six selected locations. Validation of the model at global scales and against observation-based interannually varying burned area estimates are planned based on time series of global and regional scale burned area data which are now becoming available [e.g., Mouillot and Field, 2005] . Simulated annual CO 2 emissions also compare well with observationbased estimates, at the six selected locations, although the seasonality of emissions compares less well. One reason for this disagreement is the prescription of a constant yearround value for P h that does not take into account the local management practices and behaviors that can alter the seasonality of burning and of emissions. A constant value of P h is chosen for applications over the globe since the prescription of seasonally varying P h would require information about fire management practices for every climate model grid cell and the presumption that these practices would not change in future. The approach appears to be justified since, while local management practices lead to changes in seasonality of area burned and emissions, on the annual average burned area and emissions are largely controlled by climate [e.g., van Wilgen et al., 2004] .
[46] Anthropogenic influences on fire regime are not considered in current fire parameterizations other than that of Venevsky et al. [2002] . In the approach developed here, setting the probability of ignition by humans (P h ) equal to zero implies that lightning frequency controls ignition while setting P h equal to one implies that an ignition source is always present. Between these two limits, P h defines the lower limit of the probability of fire provided that fuel and moisture conditions are favorable. Sources of human ignition are known to be important in the tropical savanna regions, and a value of P h = 0.5 yields fire return intervals and annual emissions that compare reasonably well with observation-based estimates. For a remote northern Canada location, as would be expected, setting P h = 0.0 yields more realistic results. A value of P h = 0.1 and a higher value of fire extinguishing probability, q (that accounts for firefighting efforts) yields better results for the southern Spain location. For application in the climate model over the globe, values of P h and q will be determined based on additional tests for different climate regimes and geographic locations. Results are only sensitive to P h 6 ¼ 0 in regions without natural ignition sources when other conditions (fuel and moisture) are conducive to fire. P h may also be potentially related to population density although the relationship between population density and fire is fairly complex [e.g., Guyette et al., 2002] .
[47] Although robust and climate dependent, the approach has its limitations. The number of fires is not explicitly determined and the approach concentrates on estimating the area burned which is a primary quantity for determining fire emissions. However, since only a small number of fires account for the majority of the area burned, the overall number of fires is not critical. Stocks et al. [2002] , for instance, report that 97% of the area burned in Canada is the result of the largest 3% of the fires. Díaz-Delgado et al. [2004] find that in northeastern Spain, 93% of the area burned results from the largest 7% of fires. For boreal Siberia, Soja et al. [2004] report that annual area burned is dominated by large fires (their Figure 7) .
[48] The fire temperature, which determines whether the fire is flaming or smoldering and hence if emissions consist mainly of CO (smoldering) or CO 2 (flaming) [Andreae and Merlet, 2001] , is not simulated explicitly. The sensible heat flux released by combustion of aboveground biomass is also not simulated although it is unimportant in a climate change context. The approach does not distinguish between the fire spread rate for herbaceous and woody PFTs and the burned area is distributed among all PFTs in a grid cell in proportion to their fractional coverage.
[49] Figure 11 gives information on the dependence of CO 2 emissions and fire return intervals on the values chosen for fire model parameters such as; B up , the upper aboveground biomass threshold beyond which there is no biomass restriction on ignition; b e , the extinction moisture content above which probability of ignition and fire spread is negligible; L f,up , the upper lightning frequency threshold which determines the probability of ignition by lightning in the absence of human influence; and u max , the maximum fire spread rate. The middle bar in the bar graphs gives the result for the default parameter values used while the other two bars give the result when parameter values are decreased by 20% (left bar) or increased by 20% (right bar). Note that the scales of the diagrams may differ by more than an order of magnitude.
[50] The results are, in all cases, directly sensitive to the maximum burn rate u max whereby CO 2 emissions increase and fire return intervals decrease as u max increases (and vice versa). By contrast, results are largely insensitive to the lightning frequency threshold L f,up . Overall, sensitivity to the choice of parameter values is not high. For the Congo location (not shown), for instance, results are insensitive to parameter values because the soil is generally wet, lightning frequency is high and there is considerable biomass. For southern Spain, on the other hand, the CO 2 emission change is small in absolute terms and so results are insensitive in this sense.
[51] The largest sensitivity in Figure 11 , after that for u max , is to values of b e . For northern Australia and the Brazilian Cerrado, dry season conditions affect the available moisture and hence the resulting fire conditions. A larger b e means that the fire is less easily extinguished for given moisture conditions and this leads to more and larger fires, an increase in CO 2 emissions, and a reduction in the fire return interval. Results are sensitive to changes in B up only for northern Australia. An increase in B up implies more biomass is needed for initiating fire, and this leads to a decrease in area burned and CO 2 emissions, and an increase in fire return interval.
[52] In summary, CO 2 emissions (fire return intervals) vary directly (inversely) with the maximum fire spread rate, u max , but are comparatively insensitive to 20% change in L f,up and B up . The Congo location is insensitive because of local conditions while differences in CO 2 emissions in southern Spain are so small in absolute terms as to be unimportant. Results are most sensitive to the moisture parameter, b e , in regions such as north Australia and the Brazilian Cerrado where dry season conditions affect the fire season.
Summary
[53] Emissions from biomass burning represent an important biogeochemical pathway by which the terrestrial biosphere affects the climate. The role of fire is also important from an ecosystem perspective since, at the landscape scale, disturbance is a primary regulator of net ecosystem productivity. Nevertheless, most current DGVMs and terrestrial ecosystem components of climate and Earth system models do not model fire as a process-based climatedependent process. Such a parameterization, designed for use in CTEM (http://www.cccma.bc.ec.gc.ca/ctem/), the terrestrial ecosystem component of CCCma's coupled climate model, is developed and tested here. The objective is to develop a parameterization that is simple, robust, and general enough to be applied globally and for transient climate simulations. The use of specified loss rates or probability distributions of fire return intervals is avoided, and these quantities are instead functions of current climatic conditions and are therefore responsive to climate change. The approach is novel in using lightning frequency explicitly for determining fire probability (existing approaches assume that an ignition source is always present) and considers all three aspects of the fire triangle: fuel availability, readiness of fuel to burn depending on condition, and the presence of an ignition source, all of which are climate dependent. The role of changes in lightning frequency in determining future fire regimes may be important. Price and Rind [1994b] , for example, use an empirical formulation to estimate that the area burned by lightningcaused fires in the United States would increase by 78% in a 2 Â CO 2 climate. Our approach is also parsimonious in that only two parameters, the probability of ignition due to humans (P h ) and the fire extinguishing probability (q), depend on location. Other model parameters such as maximum fire spread rate, upper and lower biomass thresholds, and emission and mortality factors are fixed and common to all locations.
[54] The model successfully reproduces the short fire return intervals that are observed for tropical savannas characterized by a distinct dry season; the long fire return intervals observed for tropical humid forests, and the intermediate fire return intervals observed for extra-tropical northern Canada and Mediterranean southern Spain. Emissions depend on area burned and on the aboveground biomass both of which are prognostic variables in this framework and annual CO 2 emissions are reasonably well simulated.
[55] Climate models are evolving toward Earth system models with the inclusion of a range of prognostic and interactive biogeochemical processes. The fire parameterization presented here explicitly considers the dependence of area burned and of emissions on fuel, moisture conditions, and lightning frequency, all of which are prognostic variables in the coupled CTEM/CCCma climate model. This provides a framework for studying fire-climate interactions and for quantifying fire-climate biogeochemical feedbacks in simulations of current and future climates.
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